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Abstract

In this paper we presenta methodto predictper-frame
decodingtimes of modernvideo decoderalgorithms. By
examiningespeciallythe MPEG-1, MPEG-2,and MPEG-
4 pt. 2 algorithms,we developeda genericmodelfor these
decodes, which also appliesto a wide range of other de-
codes. Fromthismodel wederiveda methodo predict de-
codingtimeswith an up-to-nowunmatdiedaccurcywhile
keepingthe overheadow. We showthe effectivenessf this
methodwith an exampleimplementatiorand compae the
resultingpredictionswith the actual decodingtimesusing
videomaterialfromcommecial DVDs.

1. Intr oduction

Schedulingcomple real-timetasksis hardastheirresource
requirementsnay not be known. Currentlyfor video pro-
cessingone hasto work with worst-caseoverprovisioning
of resource®r ungracefulquality degradation.The funda-
mentalproblemhereis thata video codecs@sourceusage
mostlydepend®nthedatato be processedhatis, thecur
rentvideostream.Thecodecactssimilarly to aninterpreter
executinganinterpretedorogram.

To allow future systemsto overcome these limita-
tions, realtimeandQuality-of-Servicg QoS)considerations
shouldbe applied[23, 16] to allow close-to-aeragecase
resourceallocationandgracefuldegradationof quality. In
this paperwe presenta metod for predictingthe required
resourceusagebasedon easily obtainablemetadataabout
videostreamsOhviously, this methodmustprovide thede-
codingtimewith signikcantlylowerresourcaisagahanthe
actualdecoding.

Basedon this inferred ahead-of-timeknowledge, better
CPUtime schedulinggracefuldegradationin overloadsit-
uations,andenegy awareadaptatiorbecomepossible.Fu-
ture systemsemploying such methodscan provide better
QoSthancurrentonesor similar QoSwith fever hardware
resourcedy betterutilizing availableresources.

For example,avideoplayerwhosedecodingcomponent
cannotkeepup with the display speedand thereforehas
to skip decodingof framesshoulddo so consideringgual-
ity (i.e., introducederror) and resourcesavings (decoding

time). Close-to-aeragecaseresourcellocationandgrace-
ful degradationof quality areenablingmechanisméere.

Anotherpossibleapplicationarevideo editing systems,
wherethe usercan stackmultiple layersof video and ap-
ply effectsto them. Thesesystemaeedto decide,which
partsof the Pnaledit can be calculatedon the Ry (during
playback)and which partsneedto be pre-rendered.The
pre-renderindhasto includeall critical partsto ensuresuf-
bcientplaybackquality, but at the sametime, it shouldbe
reducedo theminimumto keeptheapplicaton responsie.

As mostof theseapplicationscenariogsequireahead-of-
time knowledgeof the resourcausageandbecausehe pri-
marytaskin themediaapplicationsonsideredhereis video
decodingwith CPUtime beingthe key resourcethis work
discusseaway to pre-determingerframedecodingtimes
for recentvideo decodertechnologies. It is benebcial f
the methodneedsto be calibratedonly oncewith a setof
sensiblesamplematerialand thenworks for a wide range
of content.We tamgetcalculatingthe decodingtimeson the
Ry for eachframe,becauseiserscannotbe expectedo pro-
vide precalculatedracedataor wait for its collection. This
ensureghat the viewers expectationof watchingarbitrary
videoswithout preprocessingelaycanbefulblled.

We chosethe MPEG-1/2[4, 5] and MPEG-4pt. 2 [6]
decoderalgorithmsas the key algorithmsto analyzebe-
causeof their wide acceptancén the video world andthe
availability of maturedecoderandencodersn sourcecode
underopen-sourcdicenses:MPEG-2is presat on today®
DVDs andin DVB [1]. Thoroughlytestedopen-sourcele-
codersoftwareis available from the libmpeg2 project[7].
Sophisticatecencoderscan be found in both the commer
cial sectorandtheopen-sourceommunity MPEG-1shavs
enoughsimilarity to MPEG-2to regard MPEG-1/2asone.
MPEG-4pt. 2 is onevideodecodingalgorithmspecibedn
the MPEG-4standardamily. It is notascommonlyusedas
MPEG-2yet but is emeging. We usedecodetandencoder
codefrom the XviD project[10].

In this work we presenta predictor which is fed with
only the compressedideo dataandproducesstimategor
the executiontime of a decodercycle. The decoderitself
is not modibedin ary way. The predictorshouldbe asin-
dependentf theactualdecodeimplementatioraspossible
to allow future upgradego newver decodewrersionswithout



ary majormodibcationgo the predictor

In the next sectionwe discusselatedwork andhow our
work relatesto the stateof the art. In Section3 we de-
scribeour approachN  breakingdown the entiredecoding
of a frameinto varioussub-tasks.We achieve this by cre-
atinga genericdecodemodel,into which all examinedde-
codersandhopefullyawiderangeof futuredecoder$t(see
Subsectior8.1). We will thendiscussheinfBuenceof each
sub-taskon the decodingtime in Subsectior8.3. Addition-
ally we pointout characteristipropertesof the streamthat
correlatepositively with the decodingtime anddiscusshe
extractionof valuesfrom the compressedideo streamthat
sene asmetricsto quantify the discusseroperties. The
mathematicusedto calculatethe coefcientsof the lin-
ear combinationwill be explainedin Section4, followed
by commenton theimplementatiorof the givenprinciples
in Section5. An evaluationof theresultsanda conclusion
togethemwith anoutlook concludethe paper

2. Relatedwork

Ourwork is foundedon previous resultsin theresearclar
easof decoderalgorithmsand mathematics We usedwell
known numericaltechniquessuchas the QR decomposi-
tion aswell asestablishedlgorithmslik e the Householder
transformation22]. This will be explainedin Section4.
Ourideashave beenbrstimplementedn the DresdenRe-
altime OperatingSystemDROPS[9] andits video player
VERNER [20]. For resultssee[21]. Vernercan utilize
streamsfrom a real-time blesysten19] or real-timenet-
work connection[18], and displayscontentwith real-time
guarantee§l3]. For this paperwe focussolely on the de-
codingstep.We usea Linux implementatiorasour experi-
enceshows thatthe numbersarenot signibcantlydifferent
and measuringentire DVDs is more complex on DROPS
dueto memoryconstraints.We adaptedpen-sourceode
from thelibmpeg2 [7] andXviD [10] projects.
Decodingtime predictionhasbeenaresearctsubjecte-
fore, so previous resultsexist. Altenbernd,Burchard,and
Stapperpresentainanalysisof MPEG-2executiontimesin
[11]. The commonideabehindtheir work and oursis to
gain metricsfrom the video streamthat correlatewell with
the decodingtime. However, thereare considerablealiffer-
encesin both approachesAltenberndet al. divide the de-
coderin two phasesusingdataextractedin the Prstphase
to predictthe decodingtime of the secondphase.We want
to avoid suchheary modibcationgo existing decodercode
andratherprovide a solutionbasedon preprocessing\We
alsomodelthe decoderasa sequencef differentphases,
but our division will be more Pnegrained(seeFigure 1).
They alsoexamineworst-cas@xeautiontimes,usingsource
codeanalysis,to completelyavoid underestimabns. We
do notwantto rely onthe specibcsourcecode,becausé¢he
efforts of the analysishave to be repeatedvhenthe code
changeslueto optimizations.This simplipcationallows us
to generalizeour methodto target more decoderghanjust
MPEG-2. Becauseave cannotsafelyavoid underestimation

with our approachye have to settlewith asoft-realtimeso-
lution, but thereaults arestill importantbecausehe quality
assuringschedulingalgorithm QAS [14] developedat TU
Dresderworks on the basisof a probability distribution for
executiontimes. It remainsan areaof future researchto
derive worst-casexecutiontimeswith our method.

Another similar analysishas beenconductedoy Andy
Bavier, Brady Montz, andLarry L. Petersonn [12], but is
alsolimited to MPEG-1/2. They focusmore on decoding
timesatthegranularitylevel of network paclets,anddo not
tamgettransferabilityof theresultsbetweerdifferentvideos.
Yet they alsofollow the pathof predictingdecodingtimes
by extractingmetricsfrom the stream.

3. DecoderAnalysis

This sectiondealswith internak of theMPEGvideocoding
schemes.Thoseunfamiliar with this subjectareinvited to
referto [17] for someintroductoryreading.

3.1.DecoderModel

By looking into the innerworkingsandfunctional partsof
the decoderalgorithmsin considerationwe establisheda
decodemaodel, genericenoughto be applicableto a wide
range of algorithms. The simple basc structureof the
model can be seenin Figure 1: The decoderis modeled
asachainof functionblocksthatareexecutedteratively in
loops.Becauseve areconcentratingn executiontimes,the
edgef thegraphrepresentogical control3ow ratherthan
datalRow. Controlstartsat the bitstreamparsingblock and
implicitly endswith postprocessingvhenthe compressed
datastreamends.

Everyfunctionblock but thebrstcanhave multiple alter
native andcompletelyseparatedxecutionpathsin thesame
decoderalgorithm. Thoseexecutionpathswould be cho-
senamongsby context dataextractedfrom thecompressed
video stream ike a frametype. As a notablespecialcase,
thefunctionblockscanhave a Odo-nothing&ecutionpath.
In the following we discusseachblock and examinetheir
inputandoutput.

3.1.1.BitstreamParsing The bitstreamparsingreceves
the compressedideo streamfor every frame and extracts
meta-and contet-information from the streamthat is re-
quiredto controlthefollowing decodingsteps.

3.1.2. Decoder Preparation When decoderalgorithms
exploit temporaredundany, they oftenwork with previous
images.Thosemay needto be copiedor modibedwithout
disturbingexistingimages.

3.1.3.Decompression Thisfunctionblockis the brstthat
is executednsidea permacroblockdoop. A macroblockis
al6 16 pixel areaof the targetimagewhosecompressed
datais storedconsecutiely in the datastreamandthatis
decodedn oneiterationof theloop.

The data neededto further decodethe macroblockis
storedusing a losslesscompressiontechnologylik e Huff-
man[15]. This compressiotis reversedn this stepandthe
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Figure 1. Chained block model for decoder s

intermediatedatais keptin abuffer. In additionto themac-
roblock dataitself, eachmacroblockmay comewith meta-
datalike amacroblockypeor otherinformationfor follow-
ing decodersteps. As a specialcase,a macroblockmight
consistenirely of suchcontext dataandno compressedn-
agedataatall.

3.1.4.InverseScan Becausegheresultingvideoimageis
two dimensionalthe transformsusedlaterin the compres-
sion are two dimensionalas well. However, the decom-
pressednacroblockwe recevedfrom the previous stageis
aonedimensionalist of bytes.Thoseneedto berearranged
asa 2D matrix. Becausehis would partly countereflectthe
precedingentropy compressiorstep,this reorderingis not
donein aline-by-linefashionbut in a different,oftendiag-
onalpattern.

3.1.5. CoefbcientPrediction Decoderscan analyzethe
matrix to try to reconstrucimagefeaturesthat have been
compressedway by extrapolatingadditionaldatafrom ex-

isting dataon the coebcientlevel.

3.1.6.InverseQuantization Duringencodingthematrix
of eachmacroblockhasbeenmultiplied with aquantization
matrix, which, more thanall other steps,makesthe com-
pressionossy The quantizationis reversedbeforedecod-
ing proceedsby multiplying with an inversequantization
matrix.

3.1.7.InverseBlock Transform The macroblockmatrix
wedealtwith in thepreviousstepswvasnotnecesarilyin the
spatialdomain. Sothe rows and columnsof the matrix are
notdirectly mappedo theimageéx andy coordinatesThe
algorithmsusuallychoosea differentdomain,in which op-
erationslik e the quantizatiorand coefrcientpredictionare
fairly simplematrix operationsandbt the visual perception
modelusedby the algorithmin their effect on the Pnalim-
age.A commondomainis thefrequeng domain,whichhas
thenice propertythatquantizatiorin thefrequeng domain
will graduallysmoothout detailsin the spatialdomain.

Thisdecodestepnow transformghemacroblockmatrix
into the spatialdomain,which involvescomplicatedmath-
ematics,sometimeseven with 3oating point calculations.
Theresultingspatialmatrix corresponds$o a portion of the
Pnalimageandhasthe samedimensionsasthemacroblock
matrix.

3.1.8. Spatial Prediction The spatialand temporalpre-
diction stepsdescribednow use previously decodeddata
of eitherthe sameframe (spatialprediction)or a different
frame (temporalprediction)to reconstrucor merelyguess

thepartof theimagebeingcoveredby thecurrentlydecoded
macroblock. This step can potentially be executedat the
sametime asthe Steps4 (inversescan)to 7 (inverseblock
transform)but we will not pursuethis parallelismbecause
the commonlyavailable decoderimplementationsre sin-
gle threaded.The outcomeof the inverseblock transform
is thenaddedo or otherwisemergedwith this predictionto
reducetheresidualerrorbetweerthetwo.

3.1.9. Temporal Prediction Today®decoderalgorithms
benebttremendouslyfrom temporal redundang in the
video. The mostbasicideais to not always store entire
video images,but to storethe differencesto the previous
image. This hasbeenextendedover decodergenerations
to allow otherreferenceamagesthanjust the previous one
andto compensatér motionby storingtranshtionvectors
with the macroblocks.It even includesrotatingandwarp-
ing partsof the referenceimage, compressinghe motion
vectorsby applying predicton to them or weightedinter-
polationbetweenareasof multiple referenceémagesin the
mostsophisticatealgorithms.

The meging of the resultsof predicton and inverse
transformendsthe permacroblockloop (denotedby " ).
Executionwill continuewith thedecompressionf the next
macroblock. It shouldbe notedthat mostalgorithmsbun-
dle consecutiely storedmacroblockswith commonprop-
ertiesin a socalledslice. This bundlingis not yet relevant
for considerationgboutexecutiontime, but it will become
moreinterestingvhenalgorithns startto associateseman-
tic with slices,for examplemarkingslicescontainingmore
importantpartsof theimagelik e objectsin theforeground.

3.1.10.Post Processing Postprocessingappliesa setof
bltersto the resultingimage so that compressiorartifacts
arereducedandthe perceved image quality is enhanced.
However, with today®algorithms,postprocessings often
optional, so in realtimeapplications,a video decodercan
skip the post processingstageif the scheduledCPU time
is exceeded.Therefore,we will not analyzethe execution
time of the postprocessingstageand examinethe manda-
tory partsof thedecoding.

3.2.MPEG-4 part 2

We will now give a brief overview on how MPEG-4pt. 2
btsinto thefunctionblocksof the developeddecodemodel
usingthesamenumeratiorasin Figurel.

1. The bitstreamparserhandlesthe pacletizedMPEG-4
video elementarnybitstream. Syntaxelementsare not



byte aligned. The stream can containa complexity
estimationheaderwhich storesinformationwe could
usefor our metricsextraction,like DCT block counts.
Unfortunatelythis headelis optionalandthe common
encoderimplementationsdo not useit, so existing
videoswould have to be reencodedvith an extended
encodeto benebfrom this header

2. The P-, B-, and S-framesuse a specialtreatmentof
the edgesof the referenceframesfor motion vectors
beyondtheframeboundaries.

3. The bitstreamusesseveral tablesfor variable length
codingof the coebcientsandthe motionvectors.

4. Varyinginversescantablesareavailable.

5. The coebcientpredictiontreatsboth the DC coeb-
cient andthe AC coebcientsby copying rows from
macroblocksabove and columnsfrom macroblocks
left of the currentposition.

6. Theinversequantizationusesa quantizatiormatrix to
scalethecoefcients.Adaptive quantizatiorby chang-
ing thematrix within oneframeis possible.

. Theblocktransformis the IDCT.

. Thereis no spatialpredictionin MPEG-4pt. 2.

9. Thetemporalpredictionis a motion compensatioms-
ing one forward and one backward referenceframe
with up to quarterpixel accurag andmacroblocksub-
blocking. The S-frameusesonereferenceandshiftsor
warpstheentireimageusingglobalmotionvectors.

10. MPEG-4 pt. 2 containsan optional post processing

stepwith differentquality levels.

Other decoderalgorithmscan be similarly mappedto the
stepsof themodel.For MPEG-1/2we shaw thisin [21].

0

3.3.Metrics for DecodingTime

Using the XviD [10] implementatiorof the MPEG-4pt. 2
algorithmanda selectionof examplevideos,we measured
the perframeexecutiontime spentinsidethe variousfunc-
tion blocksona400MHz Pentiumll machine. Theexample
videoslistedin Tablel spanavarietyof streanparameters,
whichis necessaryo evaluatetheirinBuenceon thedecod-
ing time.

The problingfacility includedin the XviD implementa-
tion hasbeena good starting point for a logical splitting
of the decoder It is interestingto note that over 50% of
thedecodingiime for every frameis spenton temporalpre-
diction, so this stepis mostimportant (averagehasbeen
takenover all samplevideosfrom Tablel). We will now go
throughthe variousfunction blocks of the decodemodel
andshowv how their decodingtime canbe estimatedusing
valuesderivablefrom the stream.

3.3.1.Bitstream Parsing (Step 1) Becausemostof the
parsingtakesplaceat the macroblockevel, we canexpect
the executiontime for this stepto be closelyrelatedto the
amountof pixels per frame, becausé¢he amountof mac-
roblocksto parsecorrelatesvell with the amountof pixels.
This works for I-framesascanbe seenin Figure2. (The
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Figure 2. Estimating the bitstream parsing time for |-
frames.
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Figure 3. Estimating the bitstream parsing time for B-
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Figure 4. Estimating the bitstream parsing time for B-
frames (2).

samplesappeatin clustersbecausehe pixel countis con-
stantthroughouteachvideo.)

However, the P-, B- and S-framesshawv a differentbe-
havior. We chosethe B-framesto demonstratehis in Fig-
ure 3, the P- andS-framesbehae similarly. Becausdhese
frametypesallow a greatervariety of coding optionsfor
eachmacroblockthanthe I-frames,which naturallyconsist
entirelyof intracodednacroblockstheamountof bytesper
non-I-framehasaninf3uencetoo. As canbe seenin Fig-
ure4, theresultimproveswhentaking this into accountby
calculatinga linear combinationof pixel countand bytes
perB-framethatmatcheghe executiontime best. Thisidea
alsoworksfor P-andS-frames.

3.3.2.DecoderPreparation (Step2) The MPEG-4pt. 2
algorithmextendsthe edgesf referencdramesheforethey
areusedfor temporalprediction.Becausehelengthof the
image edgescorrelateswith the squareroot of the pixel
count, we would expecta squareroot match betweenthe
pixel countandthe executiontime for this step. Figure5
shavs exemplaryfor P-framesthat this assumptioris cor-
rect. TheB- andS-framedehaethesameandfor I-frames,
thereareno referencdramesto bemodibed.



[ Diagr. sym. | Videoname [ Duration | Resolution | Size [ ProPle [ Properties [ Source |
AMZa Amazondocumentary 1:37min | 1440 1080 97MB | ASP high quality HD contentdetailedimages | Downloadfrom [8]
MTRa Movie trailer"The . . 8.6MB | ASP 4 i
MTRs SweetesThing" 1:13min | 720 576 63V SP dynamic fastcuts advertisingDVD
VOYs Voyager 1:20min | 352 288 13MB SP fow in movementnoisyimage TV recording
IBMa IBM Linux commercial . . 508KB ASP fow in movementmary monochrome -
IBMs "Prodigy" 1:50min | 352 240 28MB | SP shapesASP versionhighly compressed IBM website(now at[3])

Table 1. The sample videos used in the decoding time analysis (SP=simple visual proble, ASP=advanced simple probPle). The
videos have been transcoded to MPEG-4 pt. 2 with varying encoder settings to investigate the effects of all properties.
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Figure 7. Estimating the coefbcient prediction time for I-,
P-, B- and S-frames.

3.3.3.Decompressionand Inverse Scan (Steps3 and 4)
The decompressioshouldbe the dominanttask here, be-
causdheinversescanis aseasyasselectingascantableand
thenusingonetablelookup for every decompressedoef-

bcient. The executiontime thereforecorrelatesvell across

all frametypeswith the perframelengthof the bitstream.
Figure6 shavs the match.

3.3.4. Coefbcient Prediction (Step 5) The coebcient
predictionis only donefor intracodedmacroblockssothe
executiontime of this stepcorrelatesvith their number In-
tracodedmacroblockscan occur within every frame type,
but theestimationworksequallywell for all typesasshavn
in Figure?7.

3.3.5.Inverse Quantization (Step6) Theinversequan-
tization is doneoncefor every macroblock,so this corre-
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Figure 8. Estimating the inverse quantization time for I-,
P-, B- and S-frames.

MTRa 1
MTRs
VOYs R
IBMa
IBMs
s ‘ ‘ ‘ ‘ ‘ Regrgssion

0 5 10 15 20 25 30 35 40
Macroblock count [in thousand]

CPU cycles [in million]
[oe]

Figure 9. Estimating the inverse block transf orm time for
I-, P-, B- and S-frames.

lateswell with thetotal macroblockcount. Themacroblock
countshouldnot be mistalenfor a scaledpixel count. Be-

causeof notcodedmacroblocksthe pixel countonly yields

anupperboundfor the macroblockcount. The diagramfor

all frametypescanbeseenin Figure8.

3.3.6.InverseBlock Transform (Step7) As with thein-

versequantizationthetotal macroblockcountgivesa good

estimate,asFigure9 shavs. Thereis still deviation from

the linear match, which might stemfrom either cacheef-

fectsor differentamount®f zerovaluesin themacroblocks.
Dependingontheimplementationalgorithmscanbefaster
whenmorecoebcientsarezero.However, lookinginto that
hasthe disadwantageof increasedoredictionoverhead,so

we decidedagainstit, asthe potentialgain in accurag is

small.

3.3.7.Temporal Prediction (Step8) Thisstepisthemost
time consuming. Unfortunately its executiontime is also
thehardesto predict. Becausenotion compensatiors only
donefor intercodedmacroblockspne might be temptedto
derive theexecutiontime from the countof intercodednac-
roblocks.Figure10 showsthatthis fails.

Thereasonis thattherearevariousdifferentmethodsof
motion compensatiordue to macroblocksubblockingand
different storagetypesfor motion vectors. Theseoptions
areindependenof themacroblocktype. Distinguishingbe-
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Figure 10. Estimating the temporal prediction time for
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Figure 11. Estimating the temporal prediction time for
P-frames (2).

tweenall thesemethodsand accountingfor themindivid-
ually is problematic becauseherearetoo mary combina-
tionsandcoveringthemall with samplevideosis difpcult.

But whenlooking at the biggerpicture, we realizedthat
motion compensatioris basicallyjust copying pixels from
a referencamageinto the currentframe. Becauseof half
pixel or quarterpixel accurag andthe necessarjnterpola-
tion andPltering,one pixel copy operationcanrangefrom
1 to 20 memoryaccessesT herefore the numberof mem-
ory accessesito the referencérameshouldresultin a far
betterprediction. Of coursethis numbercannoteasily be
measuredlirectly, but looking at the codefor motioncom-
pensationwe cancountthememoryaccessedNotethatall
decoderimplementationsnustaccesghe sameamountof
data,becaus®f therequiredinterpolation.We assumehat
no decoderimplementationwill make mary superf3uous
memoryacceses,so their countshouldbe similar across
implementations.

Dependingonthelower bits of themotionvectorswhich
differentiatebetweenfull, half or quarterpixel references,
we createda formula to calculatethe numberof memory
accessesFor that, the motion vectorsneedto be decoded
completelywhich takestime andincreasegredictionover-
head. However, becausehe temporalpredictionaccounts
for abig portionof the overall decodingtime, we think this
stepis necessaryWe will shaw the effect on the overhead
in Subsectiors.2.1. The promisingresultsfor P-framesan
beseenin Figurell. Thisworksequallywell for B-frames.

It maybeabit surprisingthatmemoryaccessealonees-
timatethe executiontime sowell, giventhatdifferentinter-
polationandPplteringis donefor full, half andquarterpixel
accesseslNe assumehatwith today©processrs, thesead-
ditional operationsarecoveredup by the memoryaccesses
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Figure 12. Estimating the temporal prediction time for
S-frames.
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Figure 13. Estimating the merging time for P-, B- and
S-frames.

becausef parallelexecution. To verify this assumptioron
a differenthardware architecturethis estimationhasbeen
run on a PaverPC (MPC7447a)machine,which shaved
similar resultsfor P- and B-frames. The matchwasnot as
linearasin Figure11l, but still correlatedwell (correlation
coebcient0.998).

S-frames,however, encompasg/lobal motion compen-
sation(GMC), soadifferentapproachs requiredhere.Be-
causewe did not want to look into the more complicated
(hard to predict) warping algorithm, we just countedthe
numberof macroblockausingglobal motion compensation
andcalculatedalinearcombinatiorof thememoryaccesses
from non-GMCmacroblocksandtheamountof GMC mac-
roblocksto matchthe executiontime. The good results
shavn in Figure 12 indicate that the executiontime per
GMC macroblocks fairly constant.

3.3.8.Merging (Step" ) The meging combinesthe re-
sults of the temporal prediction with the decodedmac-
roblocks, so a linear matchof intra- and intercodedmac-
roblock counts should estimatethe execution time well
enough. Becausethis stephasonly a small inBuenceon
thetotal decodingtime, we cantoleratethe deviationsseen
in Figure13

3.3.9.Summary We have now establishedvhich metrics
are usefulto get reasonablestimationsfor the execution
time of the variousstages.lIt is evidentthat the separation
of the decodingprocesdnto the suggestedtepssimplibes
Pndingusefulmetrics,becausehe decodingtime behaior
of theindividual functionblocksis mucheasietto overlook.
Thetimerequiredfor theentiredecodingprocesss thesum
of the separateexecutiontimes, so thesemetricswill also
allow predictiongor theframedecodingimes. Themetrics
are:
¥ Pixel count,



¥ Squareoot of pixel count,

¥ Byte count,

¥ Intracodedmacroblockcount,

¥ Intercodedmnacroblockcount,

¥ Motion compensatiorreferenceframe memory ac-
cessesand

¥ Globalmotioncompensatiomacroblockcount.

With similar considerationgaspresentedor MPEG-4pt. 2,
we have selectedmetricsfor the predictionof MPEG-1/2
[21]. In Section5 we will discusshow to actually obtain
thesemetrics.

4. Numerical Background

We have now extracteda setof q metric valuesfor each
frame of the video. In a learningstage,on which we will
presentetailsin Section5, we will receve a metricvector
m; andthe measuredramedecodingtime t; for eachof a
total p frames(i = 1...p). Accumulatingall the metric
vectorsas rows of a metric matrix M and collecting the
framedecodingiimesin acolumnvectort, we now wantto
derive a columnvectorof coebcientsx, which will, given
ary metricrow vectorm, yield a predictedframedecoding
time m x. Becausethe predicton coebcientsx mustbe
derived from M andt alone,we modelthe situationas a
linearleastsquareproblem(LLSP):

#M X $ L#i % min
X

That meansthe accumulatecerror betweenthe prediction
M x and the measuredirame decodingtimest is mini-

mized. The error is expressedby the squareof the Eu-

clideannorm of the difference-ector Becauseof its in-

sensitvity againstbadly conditionedmatricesM , we chose
QR decompositiorwith Householdeglransformationas
themethodto solve the LLSP. For amoredetailedexplana-
tion of the involved mathematicspleasereferto literature
suchas|[22, 21].

4.1.Metric Selectionand RebPnement

For the generalproblemof metric Pndingwe seetwo ap-
proaches(a) First,adomainexperthasto modelthe prob-
lem usingsmallersub-stepsThen, by looking at the work
donein the sub-stepshe hasto guessinterestingmetrics
which canbe easilyobtainedfrom the datato be processed
and which correlatewith the work donein the sub-steps.
Theseselectedmetricsare then veripedwith obtainedre-
sourceusagestatisticsof the original problem.(b) Second,
for moresimpleproblemspnecouldgetusefulresultswith-
out splitting up theoriginal probleminto smallerpiecesand
without a domainexpert selectingmetrics. Onecould just
useall easilyavailable metricsandtry to Pndthe relevant
metricsby validatingit againstmeasuredlata.In bothcases
only thosemetricsarerelevantfor our approachwhich can
be obtainedwith muchlessresourcausagehansolvingthe
original problem.

For this paperwe took the brstapproachasthe domain
is highly comple< anda lot of different metricsare avail-
able. For both approachean automaticmethodfor metric
validationis required which we describdn thefollowing.

In generaljt shouldbe possibleto feedthe LLSP solver
with sensiblemetricsandit shouldbgureoutwhich onesto
useandwhich onesto drop by itself. Of course,the best
resultfor thelinearleastsquareproblemis alwaysachiesed
by using as mary metricsas possible,but one of the de-
signgoalsis to make theresultstransferableo othervideos,
whichmightnotalwayswork whenusingmetricstoogreed-
ily. Usingtoo mary metricscanleadto overpttingto the
training material,leadingto bad predictionsfor videosnot
includedin the training set. The main causefor this are
similarities of columnswith linear combinationsof other
columns.The specialcaseof this situationis anactal lin-
eardependeng resultingin a rank-debcientnatrix. This
leadsto instabilitesin the resultingcoefcients,suchthat
we canincreasecertaincoefcientsandcompensatéy de-
creasingotherswith little or no inBuenceon the prediction
results. The barebond_LSP solver will always searchfor
the optimal bt, which might betoo specibdo predct other
video®decodingtimeswith the resultingcoebcients. To
overcomethis problem,we drop metricsbeforesolvingthe
LLSP, deliberatelymakingthe bt lessgoodfor thetraining
set,but moretransferableo othervideosoutsidethe train-
ing set.

In the resulting R matrix of a QR decompositionthe
remainingerror, called residualsumof squaresfor ann-
column matrix is the square of the valuein the nGh col-
umn of the nGh row. This value indicatesthe quality of
the prediction: The smaller the better If we have to drop
columnsfor transferability we want to do so without too
much degradationon the quality of the result. Therefore,
we iteratively drop columnsandthen choosethe one that
bestbtsour goals,but resultsin the smallesincreaseof this
errorindicator A lineardependengor a situationcloseto
it canalsobe detectedvith thisindicator: If we dropacol-
umnandthereis only a minor increasen the residualsum
of squaresthedroppedcolumnhadlittle to noinRuenceon
the result, so the columncanbe sufbciently approximated
asalinearcombinationof others.We proposeanalgorithm
to eliminatesuchsituationsin [21].

5. Metrics Extraction and LLSP Solver

We usedanopen-sourcelecodeifor the extractionwith ad-
ditional instructionsto collect the desiredmetrics. We re-
moved all actualdecodingcode,so thatonly the required
bitstreamparsingremained creatingour metricscollector
For MPEG-1/2 thelibmpeg2 decodettibrary [7] in version
0.4.0andfor MPEG-4pt. 2, the XviD library [10] in version
1.0.3havebeenused.Ourstripped-davn parses have about
20% LoC (eachca. 4,000)of the original librariesandrun
completelyindependentiypf the actualdecodingsteps.
The LLSP (linear leastsquareproblem)solver and the
collectorsupporttwo phasesf operation:



¥ Learning mode, in which the collector accumulates
metricsand a timed unmodibPeddecodingstepdeliv-
ersrealframedecodingtimes,

¥ Predictionmode,in which previously obtainedLLSP
coebcientsare multiplied with online-collectedmet-
rics to predictframedecodingimes.

During learningmode,the solver collectsmetric valuesin
a matiix. If the dataaccumulations Pnished,the coeb-
cientvectorx is calculatedwith the enhanced)R decom-
position presentecabose. This stephasa compleity of
O(p &q*), whereq is typically bxed and small, compared
to p beingunbound.Therefore thevideolengthhaslinear
impactwhichis whatyouwould expect. Theresultingcoef-
pcientsarethenstoredfor usein prediction mode typically
onvideosotherthanthosein thelearningset.

In both learningand predictionmode, the potentialfor
decoderfframereorderinghasto betakeninto account.De-
tails onthis canbefoundin [21].

6. Results

We will now presentdecodingtime predictionson real-

life videomaterialtakenfrom commerciaDVDs (complete
movies), covering a hugefeaturevariety We alsodiscuss
the predictionoverheadhow to choosea sensibletraining

set, and whereto apply the prediction. BecauseMPEG-

4 pt. 2 is oneof our main contritutionswe discussSMPEG-

1/2 resultsonly very briel3y.

6.1.ChoosingVideosfor Learning Mode

The videosusedin learningmodehave to spanthe entire
featureset of the decoderand eachof the metrics needs
to vary at leastonce. For MPEG-4 pt. 2, the video clips
needto cover both the simpleandthe advancedsimplevi-
sualproblesto representhefeature combinationf theal-
gorithm sufbcientlywell. To calculatethe inBuenceof the
pixel countthe training videosmustdiffer in their resolu-
tion. The training videosand the video materialusedfor
veripcationin the following are completelydisjunct One
could probablygain even morepredictionaccuray by tun-
ing thetraining settowardscertainusecasesbut we did not
yetexplorethis possibility

6.2.Prediction Accuracy and Overhead

Framedecodingime predictioncouldbedonearywhere
from the actualencodingstepuntil directly beforedecod-
ing. We seethree useful methods: First, directly on en-
coding,by embeddingelevantmetricinto the streamsuch
that the last predictionstepon the target machinewill be
extremely cheap. However, the decodethasto be adapted
to usethis information. Second by usinga strippeddowvn
streamparseras describedn Section5 andrunningit di-
rectly beforethe decodingcomponent.in this case,addi-
tional streamparsingoverheadoccurs,but no changeis re-
quiredin the decoder And third, directly in the decoder
such that metadataextraction hasto be done only once.
Here,the actualstreamparsingwould have to be split into
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Figure 14. Predicted and measured frame decoding
times and the absolute error for "The Sixth Sense".
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Figure 15. Histogram for the relative error of "The Sixth
Sense" decoding time prediction.

two phasesassuggestedh [11]. For thelasttwo casene
requiressomeframesbeingbufferedto actually utilize the
schedulingnformation.

In the following we will discusshe secondmethodasit
is the leastinvasive, thereare no changegsequiredfor the
video streamsor the decoder If onestrivesfor a solution
with evenlessoverheadpur predicton approactdoeswork
with all threeof them.

Thecodecsn usewereoptimizedfor thetargetCPUand
usedthe available SIMD extensiondMMX, SSE,Altivec),
except for the XviD codec, where no working Altivec-
optimizationwasavailable.

6.2.1.MPEG-4 pt. 2 We usedthetwo IBM commercials
andthe two movie trailersfrom Table 1 on page5 to train
the coebcients. We played thesefour clips in learning
modeon a 1.5GHz AMD Semprorn2200+machineto cal-
culatethe coefbcients.In predictionmode,we usedthe de-
rived coebcientsto predict the frame decodingtimes for
severaltranscodedommerciaDVDs, which werenot part
of the training set The promisingresultscan be seenin
Table?2.

Detailed results for the DVD "The Sixth Sense",
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Figure 16. Prediction of stoc hastical load Ructuations
for "The Sixth Sense" video.



transcodedo MPEG-4pt. 2, are presentedn Figures14D
16. Therelatve errorhasanaverageof $ 2.8% atastandard
deviation of 3.9% (error rangesfrom $ 42.6% to 16.1%
with an 95% quantile of 0.92ms, meaningthat 0.92ms
overprovisioning yields 95% overpredictedframes). The
absolutesrrorhasanaverageof $ 0.27msat a standardde-
viation of 0.37ms(errorrangedrom $ 5.97msto 2.88ms).
Negative errors here meanthat the prediction underesti-
mated, positive errorsimply overestimation. The correla-
tion coebcientof predicedagainstmeasuredaluesis 0.99,
sothepredictionis quiteaccurateln particular we canpre-
dict not only the long-termbehaior of the decodingtime,
but alsoshort-termBuctuationsas canbe seenenlagedin
Figure16. [23] usesthe termsOstructurdbad RBuctuationO
andOstochasticabad Ructuation@or theselong-termand
short-termvariationsrespectiely. We believe, now that
bothcanbe predicted theterm Ostochasticakhouldbere-
considered.

We alsotestedthe predictionqualty undercompletely
different and extreme conditions: a PowerPC system
(PowverBookG4 1.33GHz runningMac OS X 10.4),train-
ing the coebcientswith the samesetof shortlearningclips
andthenpredictingthe decodingtimesfor the Amazonad-
vancedsimple problehigh debnitionvideo. Herethe rel-
ative error hasan averageof 3.2% at a standarddeviation
of 4.5% (errorrangesrom $ 43.1% to 16.5%). The abso-
lute error shavs an averageof 3.31msat a standardevia-
tion of 4.66ms (errorrangesfrom $ 25.13msto 17.53ms).
Giventhatthe coebcientshave beenderivedfrom standard
dePnitioncontent(i. e., the training set doesnot contain
HD content)andarenow appliedto a high depbnitionvideo
with aboutfour timesthe framesize,we think theseresults
are outstandingand demonstrateéhe robustnessof our ap-
proach.

6.2.2.0verhead Theaverageoverheadntroducedby the
online metrics extraction for the abore Amazon HDTV
video is 5.6%. The main sourcefor overheadis the bit-
streamparshg and macroblockdecompression.Directly
accessingingle macroblocksn the compressedtreamis
not possible,asthereis no index facility. The only means
of bndingthe position of a macroblockis to decompress
the completeprecedingbitstreamin the slice. A possible
approachis to split the decoderin two and parseand de-
compresghe bitstreamin the brst part. The metricscan
thenbeextractedfrom the preprocessedataandthesecond
decodepartwould dotherestof thedecodingusingtheal-
readydecompresseahacroblock@saninput. Wewantedo
avoid suchconstructiondecauseéhey usuallyrequireheary
modibcationdo decodercode,so new decodelimplemen-
tationswould be difbcultto deplgy. Altenbernd,Burchard,
andStapperhave takenthis approachn [11], andthey also
endedup with overheadof 4b%6, dependingnthevideo,
sotheremaynotbe muchbenebin pursuingthis.
Anotherway to reducethe overheadvould beto notde-
codethe motion vectorsthat we useto predictthe tempo-
ral predictionstepasdiscussedn Subsectior8.3.7. This

would lower the overheadfrom 5.6% to 4.1%, but would
alsoreducethe quality andtransferabilityof the prediction
coebcients.

6.2.3.MPEG-1/2 We usedtwo videoswith differentres-
olutions that cover both MPEG-1 and MPEG-2 to train

the predictoranddid a thoroughevaluationof our method
with somecommercialDVD material. The goodresultsin

Table 2 have again beenmeasuren an AMD Sempron
2200+maching(1.5GHz).

6.2.4.Summary Althoughsmallpartsstill coulduseim-

provement,we think the overall goal of accuratelypredict-
ing decodingimesfor MPEG-1/2andMPEG-4pt. 2 in both
the simple and advancedsimple probleshasbeenaccom-
plished.The prediction coefrcientsderived from onesetof

learningvideoscanbeappliedto awide rangeof contentnot
includedin thelearningset whichis critical to futureappli-
cations@sability becausét reducesheamountof learning
necessaryor goodresults.

7.Conclusion

We presentedhe designandimplementatiorof a systemto
predictdecodingimeswith anup-to-nav unmatcheaccu-
racgy (avg. errorsdown to $ 0.0%) andacceptabl@verhead
(5.6%). The predictionrelieson preprocessingnd statis-
tical evaluationof training runsratherthanrequiringheary
sourcecodeanalysisor decodemodibcationsThisensures
thatthepresentedesultswill notbeobsoletedy furtherde-
coderdevelopmentsuchascodeoptimizationsbecausé¢he
methodis largely independentf the specibalecodercode.
For the predictionwe only require one calibration to the
target machinewith a sensiblesetof shorttraining videos,
thenthe predictionworks for othervideos. We also veri-
Pedour approachwith materialfrom popularcommercial
DVDs andachiesed very accuratepredictions(i. e., all rel-
ative errorsof predictionswerebelowv 5% andall absolute
errorwerebelov 0.4ms).

8. Outlook

To deal with current or future multimedia requirements
overprovisioningof resourcesasit is commontoday is un-
economic. Here, the predictionof decodingtimesitself is
alreadyhelpful, buttheresultsshouldberegardedn alarger
contet. Scheduler®f future operatingsystemswill bene-
bt from knowing resourcausagebeforehandvhensupport-
ing QoS applications. Our work can provide this knowl-
edgeandshouldbe complementedy researcton percep-
tion models,which could assignsbenebtvaluesto video
frames.This would allow framesto competefor CPUtime
on the basisof a true price-performanceatio, resultingin
optimal video presentatioreven in high load situationsto
reallyimprove the userexperience.

To compensatéor the compleity of future algorithms,
the bitstreamparsingoverheadshould be reducedsignib-
cantly The mostpromisingapproachis to pre-determine
the requiredmetrics alreadyduring encodingand embed



DVD [ Properties Algorithm | rel. error(%) [ abs.error(ms) | valuesw/in + 0.1rel. error | valuesw/in + 0.5msabs.error [ 95%quantilé
Chicken animated, MPEG-2 " 0.5(5.6) " 0.02(0.28) 96.8% 97.5% 0.32ms
Run claymation MPEG4pt2 | " 4.0(4.8) | " 0.32(0.41) 87.7% 71.0% T.05ms
TheFifth colorful, fast MPEG-2 " 45(5.3) " 0.18(0.20) 86.3% 95.1% 0.49ms
Element action MPEG-4pt. 2 m2.0(3.9) " 0.18(0.32) 97.0% 82.4% 0.77ms
King Kong | still camerablack | MPEG-2 " 4.4(4.4) " 0.23(0.22) 90.1% 88.4% 0.60ms
(1933) andwhite MPEGZpt2 | " 23(3.3) | " 0.23(0.34) 97.8% 78.4% 0.83ms
Lofarenme | ma fast MPEG-2 "0.0(6.2) |~ 0.01(0.31) 94.0% 96.3% 0.35ms

steadicanshots MPEG-4pt. 2 m2.2(4.3) " 0.18(0.39) 93.8% 78.9% 0.82ms
TheSixth slow motion,dark MPEG-2 2.8(7.5) 0.08(0.26) 82.4% 88.5% 0.25ms
Sense atmosphere MPEG-4pt. 2 " 2.8(3.9) " 0.27(0.37) 94.3% 72.9% 0.92ms

" Increasinghe predictionsby this valueresultsin 95% overestimation.

Table 2. Prediction results for some German Region 2 DVDs without copy protection. The table lists the average errors with
the respective standar d deviations in brackets. The MPEG-2 streams have been taken directl y from the DVDs, the MPEG-
4 pt. 2 streams have been created from them with ffmpeg [2] (coding options: -f m4v -vcodec mpeg4 -b 2000 -gpel -mv4 -gmc

-bf2). With both algorithms, the entire movies have been measured.

them at prominent positions inside the bitstream. The

MPEG-4pt. 2 bitstreamalreadycontainsthis conceptin a

complity estimatiorheaderwhich storesnformationlike

macroblockandDCT coefbcientcounts.Unfortunatelythis

headeris optional and the commonencoderimplementa-
tionsdonotmake useof it. Futurevideobitstreamsandcon-

tainerformatsshouldmale this heademandatory We esti-

matea compressetitrateof 2 KBit / s for thisinformation,

which seemgyuite affordablecomparedo about4 MBit /s

for currentVideoDVDs (ca. 0.05%).

Anotherchallengeis to further automatethe implemen-
tation of new algorithmslike it hasalreadybeendonewith
columndropping. Onecouldthink of automaticderivation
of metricsfrom problingrunsandfunction call frequeng.
This might even lead to resultsfor codecsthat are only
availablein binary form. On the other hand, the predic-
tion could be mademore preciseandit would be aninter
estingresearchsubjectto includesourcecodeanalysisinto
ourmethodto completelyavoid underestimations thepre-
dicteddecodingtimes.
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